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-Introduction
Over the past few years a growing body of research has been devoted to analysing the market for government securities in Europe focusing on the dynamic relationship between trading activity and price movements (Cheung et al., 2005) and between yield dynamics and order flow (Menkveld et al., 2004) , on the determination of the benchmark status among securities of similar maturity (Dunne et al., 2007) , on the analysis of yield differentials between sovereign bonds (Beber et al., 2009) , and on the process of price discovery in cash and future markets (Upper and Werner 2002) or in multiple cash markets (Caporale and Girardi, 2010) .
With the aim of contributing to this literature, the present study focuses on the relationship between quoted spreads and trading imbalances and on its financial and macroeconomic determinants. While these issues have been extensively discussed in the case of the US stock market, no comparable analysis has been conducted to date in the case of European markets for government securities.
Our analysis is related to the strand of financial literature investigating the interaction between liquidity and trading activity. This interaction affects the process of price discovery (Brandt and Kavajecz, 2004) , depends on the degree of financial integration (Hasbrouck and Seppi, 2001 ; Korajczyk and Sadka, 2008) and matters for regulatory purposes. From a practical point of view, as liquidity affects the cost and feasibility of dynamic trading strategies (Johnson, 2008) , understanding what factors influence quoted spreads and trading imbalances is relevant for trading-strategy formulation purposes.
Working on a dataset containing high-frequency transaction data for nine benchmark medium-long term Treasury bonds over the period July 3 2006 -June 29 2007 (taken as representative of general market dynamics), we obtain the following main results. First, by estimating bivariate Markov-switching Vector Auto-Regressions (MS-VAR) for each bond in the sample, we find that dealers pay attention to the information revealed by order flows. In [1] particular, we document the existence of an asymmetric relationship between quoted spreads and trading imbalances such that when liquidity is high (low) and quoted spreads narrow (wide), sell (buy) orders tend to prevail. For most bonds in the sample, we also find an intermediate state when orders tend to be balanced.
Second, after daily averaging intra-day probabilities extracted from the estimated MS-VAR models, we investigate common potential determinants for the switches across states by random effect probit-estimation for longitudinal data. We find that the relationship between liquidity and trading imbalances is affected by financial and macroeconomic factors including: refinancing costs, bond and stock market volatility, changing business and macroeconomic climate and changing monetary policy stance.
The rest of the paper is organised as follows. Section 2 presents the data and some descriptive statistics. In Section 3 we investigate the dynamic interaction between quoted spreads and order flow imbalances at the individual bond level. Section 4 explores the role of common factors in explaining co-movements between these two market characteristics at an aggregate level. Section 5 offers some concluding remarks.
-Data and measurement
We use transaction-based data for benchmark Treasury bonds with maturities of 5, 10 and 32 years. The data are extracted from the MTS (Mercato Telematico dei Titoli di Stato) database. 1 The MTS system is an example of quote-driven electronic order book markets for Government securities. Proposals are firm, immediately executable and aggregated in a limit order book. 2 As in Dunne et al. (2007) , we analyse the three largest European markets (Italy, 1 For a detailed discussion of the MTS system, see Scalia and Vacca (1999) and Cheung et al. (2005) , among others. 2 Using Italian Government bond data, Coluzzi and Ginebri (2008) test several theoretical hypotheses about limit orders. In this paper, the focus is on commonalities driving the relationship between trading activity and quoted spreads for the European government bond market as a whole.
[2]
France and Germany), which account for over 70 percent of the European secondary bond market. 3 The dataset consists of tick-by-tick transaction data (prices and traded nominal volumes) matched with the bid-ask spread prevailing at the moment each transaction took place. The sample covers the period from 3 July 2006 to 29 June 2007. In terms of both its cross-sectional dimension and time span it is broadly comparable to that used by Cheung et al. Table 1 provides the list of bond codes along with information on issue dates, maturity dates and summary statistics on trading activity. the European sovereign bond market is the world's largest market for debt securities and it exceeds the size of the US one by roughly 3 billion euros. 4 While a government fixed income instrument becomes a benchmark security de jure once auctioned in the primary market, it becomes a benchmark bond de facto once its trading volume exceeds the one for the old benchmark.
5 Using data with higher frequency (namely variables recorded at 5-minute intervals), the estimates of MS-VAR models failed to converge. This is due to the huge number of observations (up to 25,000 datapoints) when using 5-minute intervals. 6 Unlike equity market studies, where the calculation of order flows is commonly based on classification [3] this may arise from continuous quoting obligations, which may induce market makers to adjust quote quickly and, thus, to reduce serial correlations for quoted spreads.
[ Table 2 ]
We remove possible seasonal patterns from our variables (due to deterministic timeseries variations or institutional features) using the two-step procedure proposed by Gallant et al. (1992) , which is detailed in Appendix A.1.
7
We check for the presence of a unit root in each seasonally adjusted series by means of the DF-GLS test (Elliott et al., 1996) , allowing for an intercept as the deterministic component. As reported in Table 3 , the unit-root null can be rejected at conventional significance levels in all cases. KPSS stationarity tests (Kwiatkowski et al., 1992 ) confirm this result.
[ Table 3] 3 -Dynamic interactions between quoted spreads and order imbalances
Standard market microstructure theory posits that: 1) market-makers' survival depends on balanced inventories to be achieved through a continuous and strategic revision of quotes; 2)
algorithms, we are able to identify the initiator of the trade explicitly. 7 Estimation details are not reported to save space, but are available on request.
[4]
order flow imbalances contain relevant information for market-makers and influence their quoting activity and market liquidity; 3) by quoting wider spreads market-makers can hedge against the risks posed by informed traders (Kyle, 1985) and random shocks (Stoll, 1978 Adopting a "bottom up" procedure (Krolzig, 1997) to identify the models: a) the order of autoregression k turns out to be one in six out of nine models and two in the remaining three cases (those relative to the Italian market); b) all models are subject to (at least) two different regimes and a three-regime model is appropriate in seven out of nine cases. 8 The 8 Diagnostics of the standardised residuals (available on request) provide strong evidence of no serial correlation.
[5]
main properties of the estimated regimes are reported in (Davies, 1977) , which shows that the null hypothesis of linearity is rejected, giving support to a MS-VAR specification rather than a linear framework.
[ [ Table 5 ]
The main findings can be summarised as follows. First, sell orders exceed buy orders when quoted spreads are low (except for FR0010288357 and IT0004026297) and the opposite is true when quoted spreads are high (except for DE0001141489 and IT0004026297). In the presence of heterogeneous private information (or heterogeneous interpretation of public flw qspr
The measure of goodness of fit, adjusted as suggested by Krolzig (1997) gives satisfactory results: the average explanatory power for the o and the equations is 35 and 18 percent, respectively.
[6] information) trades occur on the basis of the market-makers' subjective valuations, which are updated monitoring the aggregate level of order flows (Brandt and Kavajecz, 2004 ). Second, each regime is characterised by a statistically different level of liquidity as the null of mean equality across regimes for qspr is rejected in eight out of nine cases. 10 Third, according to our classification, not all government bonds exhibit an intermediate liquidity regime: in the two-regime models (IT004026297 and IT0004019581), the states are associated to high and low liquidity conditions.
11
Fourth, Granger-causality tests document bi-directional causality at the 5 percent significance level in six models. For two 5-year bonds (FR0108354806 and IT004019581), causality runs from trading activity to quoted spreads, as predicted by standard paradigms of price formation. By contrast, there is evidence of reverse 9 Thus, when an excess of buy-side orders occurs dealers with a lower (higher) subjective valuation tend to revise them upward (downward). The opposite holds when aggregate order flows are negative. 10 In the remaining case (FR0010070060), however, the regime-dependent mean values are quite close to the estimates for the other two very-long term bonds in our sample. 11 Notice that in the present framework liquidity regimes are endogenously determined by the maximum likelihood estimation procedure rather than ex-ante imposed as in Brandt and Kavajecz (2004) . [7] causality (from liquidity conditions to trading activity) only for FR0010070060.
-Explaining shifts between liquidity regimes
Because most of the data on the explanatory variables are not available at an intra-day frequency, we follow Clarida et al. (2006) and convert the intra-day smoothed probabilities from the estimated MS-VAR models into daily averages. For this purpose, we define a variable, r , which is equal to 2, 1 and 0 when the average daily probability of being in the high, intermediate and low liquidity regime, respectively, is the highest among the probabilities associated with the various states.
-Explanatory variables
Building on As further (time-invariant) regressors we introduce three market dummies ( demm for Germany, frfm for France and mtsm for Italy) to capture possible country-specific patterns and, following Dunne et al. (2007) , three maturity dummies to control for maturity effects ( smty , lmty , vlmy for bonds with residual maturity of less than 6.5 years, higher than 6.6
and less than 13.5 years, and more than 13.5 years, respectively). 12 Since most aggregate euro area data releases are published after the euro area countries have published their macro announcements, the informational value of euro area macro news is small (Andersson et al., 2006). Accordingly, in the empirical model presented in this Section we use country-specific macroeconomic releases.
[8]
-Commonality across government bonds in Europe
We model the ordinal measure of the market liquidity stance, r , for each bond 1,..., i N = over a number of trading days, indexed by 1,..., t= T, estimating a regression of the following form:
Ordered Regression Models (ORMs) are presented in Table 6 .
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Positive (negative) coefficients indicate a move toward a more (less) liquid state given an increase in the predictor.
14 [ Table 7 ]
Estimation results from the pooled-ORM (A) show that liquidity in European bond markets increases when the bond market grows and decreases with increased inventory concerns due to soaring market volatility and to increased costs of financing inventories, in a way consistent with standard microstructure models. As for macroeconomic announcements, only unemployment news turns out to have a statistically significant and positive role in explaining switches across liquidity regimes. Finally, an increase in has a positive effect on the response variable, suggesting that policy interventions by monetary authorities may foster liquidity by making margin loan requirements less costly and by enhancing the ability of dealers to finance their positions (Garcia, 1989 14 The fixed thresholds (not reported in Table 6 ) in the pooled-ORM and in the RE-ORM specifications are statistically significant at the 5 percent level and at least one is different from 1, implying that the 2 J = ordinal categories are not equally spaced.
[9]
Controlling for unobserved time-invariant heterogeneity [Column (B)] gives qualitatively similar results, with a sizeable increase of the likelihood function. Random effects (RE-ORM) estimates, however, indicate that a number of important covariates play a very limited role. A possible explanation of these findings may be a specification error in the empirical framework due to the parallel regression assumption (PRA), according to which the effects of the predictors on the response variable are identical across categories. 15 We assess empirically such a conjecture by relaxing the PRA for those covariates that turned out to be weakly significant or statistically insignificant in the RE-ORM specification. Testing for PRA produces a LR test statistics (29.27) 2) refers to the probability that the response variable moves from low to medium (from medium to high) liquidity conditions. While the impact of mktr and mktv remains unchanged with respect to previous specifications, the split reveals some interesting asymmetric effects for the remaining predictors. Refinancing costs, stock market volatility and industrial production news have a significant negative impact on liquidity in Equation 1 only. In Equation 2, instead, refinancing costs have no significant impact, while the impact of stock market volatility, unemployment news and ECB liquidity support is positive.
We use this model to measure how the probabilities of the three liquidity states change in response to different market and macroeconomic conditions. This is done by re-calculating , and P , moving one regressor at the time from its sample minimum to its maximum while keeping the other predictors constant at their sample averages. This exercise is performed only for time-varying, statistically significant regressors.
it r = 15 It may be the case, indeed it is likely, that covariates have distinctive effects within different categories, implying that the analysis based on the PRA may reveal no net effect.
[10]
In each graph of Figure 1 , the vertical axis indicates the probability associated to a specific state of liquidity. The horizontal axis reports these probabilities, computed at the minimum as well as at the first quartile, at the median, at the third quartile and at the maximum values of the distribution of each predictor, ceteris paribus.
[ Figure 1 ]
When refinancing costs rise, the probability of low liquidity states increases whilst that of the intermediate state decreases. At very high levels of there is a higher probability of extreme liquidity conditions and, thus, of inventory concerns. Moving from very low to very high levels of induces a monotonic decline in the probability of low liquidity along with an increase in the probability of high liquidity conditions, in a way consistent with momentum strategies. Higher bond market volatility is associated with lower liquidity as rises 
A.2 -Modelling quoted spreads and trading imbalance dynamics
For expositional purposes, we outline below the MS-VAR framework for the case of regime shifts in the mean alone, although shifts may be allowed for elsewhere. Adopting the same 16 Results based on the seasonally adjusted series are available on request.
[14] 
The regime is assumed to be governed by a discrete time 
, collected in the transition matrix . Following a regime shift in the
of model (A1), the observed time series jumps immediately to its new level. Such a feature appears to be adequate for our purposes since we are dealing with financial variables and therefore sudden jumps across states are more plausible than gradual swings.
In order to find detect an adequate characterisation of an m -regime -th order VAR, we apply the "bottom-up" procedure (Krolzig, 1997) . This approach allows to select both the number of regimes and the autoregressive order using the approximation provided by its VARMA representation (Poskitt and Chung, 1996) , starting with a simple but statistically 
To test the null, we impose the restrictions in (A2) on the values of the autoregressive parameters so as to obtain the log likelihood value of the constrained MS-VAR model ( con L ).
[15] 
A.3 -Analysing the determinants of market liquidity states
Considering pooling data, the basic notion underlying ORMs is the existence of a latent (or unobserved) continuous variable, , ranging from -∞ to +∞, which is related to a set of explanatory variables through the standard linear relationship:
where it x is a vector of time-varying regressors, is a vector of time-invariant covariates, Pr( | , ) ( ) ( )
where indicates the cumulative distribution function, with
The set of equations (A4) can be used to compute the cumulative probabilites:
Assuming a standard normal distribution yields the ordered probit model. , is not identified, we normalise , so that , and, thus, .
Notice that both the standard pooled-ORM and the RE-ORM frameworks rely on the 
J
The conditional probability model (A4) for the case of a generalised RE-ORM changes into the following one:
which makes it possible to write down the corresponding cumulative model as:
where denotes the normal cumulative distribution function. (.) Φ Under the hypothesis of equal slope parameters for both time-varying and timeinvariant regressors, the standard RE-ORM is nested into the generalised threshold RE-ORM.
The (implicit) restrictions embedded in the former can be tested against the latter by performing a 2 χ -distributed LR test.
The computation of the marginal probability effects ( mpe ), that is the shift of the predicted discrete ordered distribution of the outcome variable as one (or more) of the [17] predictors' changes, in the case of a generalised RE-ORM is performed under the hypothesis of normally distributed ij ν 's, so that the β 's and the γ 's parameters are rescaled in the population-averaged coefficient vectors and , respectively (Boes and Winkelmann (2006) . Accordingly, the exerted by the -th element in
x , on the j -th ordered category of the response variable can be expressed as:
where
Simulated probabilities are obtained by using the cumulative model, by moving a predictor from its minimum to maximum. Since simulated probabilities depend on the individual elements of it x and , we evaluate them at the sample average of the predictors. For each announcement, we construct the standardised scheduled news, given by the difference between the value announced and the median of survey expectation of announcement divided by the sample standard deviation of that difference. We set the standardised scheduled news equal to zero on days without macroeconomic announcements.
Country-specific announcement data as well as the survey expectation of the announcements on year-on-year changes of inflation ( ), industrial production ( indp ) and unemployment Note. For each market, the first, the second, and the third code refers to the 5, 10 and 30-year bond, respectively. [27] Note. The dependent variable is equal to 2, 1 and 0 when the average daily probability of being in the high, intermediate and low liquidity regime, respectively, is the highest among the probabilities associated with the various states. Country and maturity dummies, albeit included among the regressors, are omitted for ease of exposition. Single, double and triple stars indicate significance at the 10, 5 and 1 percent levels, respectively. Standard errors are in parentheses. LL and AIC indicate the value of the log-likelihood function and the Akaike Information Criteria, respectively. χ 2 is the test statistics for the joint impact of the covariates on the dependent variable. χ 2 -PRA is the test statistics for symmetric impact of the covariates on the dependent variable across categories. Degrees of freedom are in parentheses, while p-values in square brackets. re is the difference between bond specific spot next repo rates and the Euro short term repo (middle rate) by the ECB. is the difference between HP-filtered log-prices of the country-specific EuroMTS index and of the European aggregate EuroMTS index (with the same maturity of the bond). mkt is the absolute value of the difference between the first differences of the log-prices of the country-specific EuroMTS index and of the European aggregate EuroMTS index (with the same maturity of the bond). po mktr v stkv is the absolute value of the difference between the first differences of the log-prices of the country-specific stock index and of the DJ Euro 600 index. in , i and are standardised scheduled news, given by the difference between the value announced and the median of survey expectation of announcement divided by the sample standard deviation of that difference, on year-on-year changes of inflation, industrial production and unemployment, respectively. mal is the standardised value (i.e. the difference between actual values and the sample average divided by the sample standard deviation) of the amount (in EUR millions) of volumes for marginal lending facility. See Appendix B for details on data sources. In each graph, the vertical axis indicates the probability associated to a certain state of liquidity. Black, grey and white bars refer to Pr(r it = 0), Pr(r it = 1) and Pr(r it = 2), respectively. The horizontal axis reports these probabilities, computed at the minimum as well as at the first quartile, at the median, at the third quartile and at the maximum value of the distribution of each predictor, ceteris paribus. See notes in Table 6 for details on the predictors.
